Introduction
It is well known that there are a range of issues that affect participation of indigenous Australians (ATSI 1 ) in post-school education, including access to educational institutions, financial constraints and community expectations. To help overcome some of these barriers, Technical and Further Education (TAFE) and other vocational education and training (VET) providers offer free or heavily subsidised tuition to ATSI, social security holders and other groups thought to be disadvantaged within the Australian education system. This equity and community service aspect is an important component of the VET output, which, in terms of improved access, appears to have paid dividends. For example, in 2001, indigenous persons comprised 2.2% of the population, yet they comprised between 3% and 4% of the VET students.
2 Furthermore, the Australian Bureau of Statistics (ABS) reports that the number of indigenous students in the VET increased by 60% between 1996 and 2000.
for university students in the same age cohort, and question whether such an apparently unstable environment is suited to the educational needs of the disadvantaged groups. These objections are reinforced by the fact that indigenous students have even higher attrition rates than the non-indigenous students. This paper presents the first econometric study into the differential cancellation rates between indigenous and nonindigenous students. It asks the questions: Are cancellation rates for indigenous students in the VET significantly higher than those for non-indigenous students, and, if so, what factors account for this?
The paper proceeds in the following way: Section 2 provides an overview of the status of indigenous persons in the Queensland labour market and highlights the differences between the observed profiles of indigenous and non-indigenous persons using the data from the 2001 and 2006 Census of Population and Housing. Section 3 provides a preliminary analysis of the differences in the rate of cancellation between the indigenous and the non-indigenous students using the Direct Entry Level Training Administration (DELTA) database, administered by the Department of Education and Training. Section 4 examines the causes of these differences through a multivariate Cox proportional hazard (CPH) model, which provides estimates of the significance and magnitude of the variables impacting on the risk of cancellation. Section 5 contains conclusions and policy analysis.
Apprenticeship and indigenous Queenslanders
It is well known that indigenous persons face considerable disadvantages in the labour market both in Australia and in other places such as New Zealand and Canada (Hull 1996; Ball and Pence 2001; Skill New Zealand 2001; Byam 2002) . For example, the data from the Australian Census of Population and Housing (2001) indicate that indigenous persons recorded an unemployment rate of 20.0%, far in excess of the average unemployment rate (7.9%) for all persons in Queensland. At the same time, their participation rates at 55.4% were also substantially lower than the average for the entire population (63.5%). In line with the general tightening of the labour market over the inter-censal period, absolute outcomes for indigenous Australians improved, but their relative position did not. In 2006, the unemployment rate for indigenous Queenslanders (13.1%) remained 8.6% points above the average unemployment rate for all persons, whereas the participation rate was 9.2% points lower at 56.2%.
Location plays some role in these outcomes. For example, the proportion of indigenous persons residing in rural or remote regions is well above that for the population as a whole, but other factors contribute significantly to these differences in labour market outcomes. For example, as shown in Table 1 , indigenous persons tend to possess a lower level of school and post-school qualifications, with this difference apparent in both 2001 and 2006 census data.
The information presented in Table 1 indicates that, overall, 38.6% of the nonindigenous population had a Year 12 qualification in 2001, rising to 44.0% in 2006. Furthermore, higher proportions of the non-indigenous population had post-school qualifications, with the largest percentage point differences being among those with a bachelor degree or similar qualifications (10.5% in 2006) . This result did not vary greatly across the two census years shown in the table, although there was a slight widening of the gap with bachelor and higher-level qualifications (from 8.7% points to 10.5% points) and a narrowing of the gap with certificate-level qualifications (from 7.4% points down to a 4.9% point differential). A number of alternative policy options are worthy of consideration when addressing these imbalances. One possibility is by increasing the intake of indigenous persons in trade training. This proposal has the potential to simultaneously increase the education profile, labour force participation rate and income of indigenous persons. Furthermore, given that relatively more indigenous persons reside outside the south-east corner of the state (67.5% of the indigenous population in 2006, compared with 32.0% of the non-indigenous population) where opportunities for professional employment are limited, apprenticeship seems a feasible pathway for improving the labour market outcome of indigenous workers. However, it is also likely that apprenticeship attrition rates for the indigenous population differ substantially from those of the non-indigenous population, a factor that may have important implications for the efficacy of such a scheme. For example, in the American setting, Bilginsoy (2003) notes that race is an important explanator of the observed variation in the risk of cancellation.
Differences in the cancellation rates of the indigenous and the non-indigenous population
To examine the differences between the cancellation rates across the indigenous and the non-indigenous cohorts, this study makes use of the DELTA database, administered by the Department of Education and Training. This database traces apprenticeship contracts in Queensland and contains information across three broad categories, which also provided the broad grouping of variables chosen for the empirical analysis: apprentice characteristics, including age, sex, education level at school completion, indigenous status, main language spoken at home and disability status; employer characteristics, including occupational designation, whether the person is directly employed by the employer or employed through a group training organisation (GTO); and training characteristics, i.e., whether the person was trained at a TAFE college, trained by a private registered training provider (RTO) or trained by a non-TAFE state government employer.
The first step of the analysis of the database was the removal of all records of no relevance to the current project, i.e., those not in the Australian Standard Classification of Occupations (ASCO) 4 (tradespersons and related persons occupations). After this step, a number of incomplete records were found and these were also removed from the database prior to the formal analysis, as were all expired training contracts. Finally, a number of sub-categories of some variables that were small in number, e.g., there were less than 30 persons in the occupational category ASCO46, skilled agricultural and horticultural workers, along with the training category and state government and all records in these two groups were also removed from the database. This cleaning of the database left complete records of 8061 persons. Of these, 74 persons were still active (undergoing training), 4006 persons had completed their training and the remaining 3891 persons had cancelled their training prior to completion. Of these 8061 persons in the database, 7760 (96.3%) were non-indigenous, whereas 301 selfidentified as being indigenous. These training contracts have a defined start and end date, while there are also a small number of still active training contracts. Rather than discarding this information using conventional statistical techniques, tools from the field of survival analysis make it possible to use this information. Table 3 provides details of the hazard of attrition (by dropout) by all the main characteristics captured in the database. The top row of the table presents information for all individuals commencing apprenticeship in Queensland in 2001. We can see that, after the first year, 28.1% have exited (dropped out of) the apprenticeship, with this figure increasing to 41.9% by the end of the second year. After four years, 50.4% of the candidates have left the apprenticeship.
Females are in the minority in the database (1388 females compared with 6673 males) and their chances of dropping out are noticeably higher, with 67.9% of females dropping out during the first four years compared with only 49.1% of males. The effect of age is unusual, with the incidence of dropouts initially decreasing when moving from the youngest age cohort (those aged 15-17) to the second youngest (those aged 18-19); however, for those aged 20-34, the rates of dropouts are much higher, which then taper off among the older age cohorts.
From the database, it is clear that there is also a significant difference between the rates of hazard of attrition by dropout for the indigenous and the non-indigenous cohorts, with 57.7% of the indigenous commencements exiting by dropout compared with 51.9% of the non-indigenous population.
A first consideration of the question of how different the risks of cancellation are for indigenous and non-indigenous persons can be provided by a simple, nonparametric survival technique, the Kaplan-Meier (K-M) estimate of the survival curve. The K-M survival techniques are a univariate, non-parametric form of survival analysis. These methods are simple to implement and produce informative graphs, but allow for the presence of covariates by stratification only, i.e., cancellation by gender, age, etc. Stratification is feasible only when there are a small number of strata and the sample size is large enough to ensure that there are sufficient training contracts to obtain reliable estimates of survival within each stratum.
Overall, the rate of cancellation for indigenous persons from apprenticeship training contracts in 2001 was 56.3% compared with 49.2% for the non-indigenous persons. This difference is highlighted by the different endpoints of the two series shown in Figure 1 . When separate K-M estimates are fitted within strata defined by covariate groups, the indigenous status in this exercise, the log-rank test can be used to ascertain whether or not the estimated survival is the same in each stratum. Theis test compares the overall survival function and produces a p value based on the Chi-square distribution to test the null hypothesis of equal survival functions across the groups in the strata. A small p value leads to a rejection of the null hypothesis and to the conclusion that at least one group has survival times different from those of the others. 4 The relatively low p value presented in Table 4 provides evidence of the difference in the risk of cancellation between the indigenous and the non-indigenous apprentices (at somewhere between the 5% and the 10% level of significance). 
Modelling differences in the risk of cancellation between the indigenous and the non-indigenous population
The differences in the risk of cancellation can be attributed to a wide range of factors, such as variation in the age composition, education level, potential income of the occupation and place of residence. For this reason, a clearer indication of the influence of indigenous status on the risk of cancellation needs to account for these differences across the two cohorts of this analysis. From a theoretical perspective, a common way to represent voluntary student attrition is with a utility model in which an individual student i evaluates his or her utility in each period t from two alternatives, j = 1, 2, continuing on or dropping out from the course.
where W ijt represents student i's expected wage from alternative j at time t and X ijt represents the non-pecuniary attributes of alternative j at time t, such as study and working conditions, the geographic location and interaction with employers and other apprentices. X ijt may also include characteristics of the student that influence how he or she evaluates utility from course attributes such as age, marital status and education Table 4 . Log-rank test of differences between indigenous and non-indigenous apprentices. level. Duration or survival models estimate the conditional probability that an apprentice drops out or remains. This problem cannot be dealt with using a univariate technique, which allows stratification by only one variable at a time. For this reason, a multivariate framework is adopted, allowing the testing of multiple (and competing) hypotheses. Towards this task, a model explaining the risk of cancellation is formulated, with the model attempting to explain the probability of completion. In this way, the influence of individual factors (represented in X ijt ) included in the model can be isolated, allowing a clearer understanding of the role of indigenous status on the risk of cancellation. The personal characteristics of the apprentice may play a role in the probability of cancellation or completion, and the DELTA database enables the inclusion of several different variables that may systematically impact on the probability of a successful outcome from a training contract. Included in this database is the person's gender, age at commencement, disability, home language status and, importantly for the current work, their indigenous status, represented by the variable atsi. Education levels may also play a role in determining the probability of a completion. There is some variation in the level of education of persons commencing training contracts in 2001, with the highest year of schooling ranging from Year 8 to Year 12. It may be that persons with a higher level of schooling have a higher completion rate, and this is formally tested by including the highest level of schooling (highyr).
The characteristics of the job may also play an important role in the cancellation/ completion decision, and the DELTA database includes variables capturing the occupation profile of persons undertaking formal apprenticeship training contracts. These are included in the model as 0, 1 dummy variables, i.e., a person who is employed as a mechanical and engineering tradesperson (asco41) would be recorded as a 1 under this variable, whereas persons employed in all other occupations would take 0 for that particular variable. In the formal modelling, one of the occupational dummy variables is omitted; in this exercise, it was asco45 (ood tradespersons). This omission is necessary in order to circumvent the problem of perfect collinearity and means that the coefficients of the remaining occupational dummy variables measure the risk of completion relative to employment in asco45. The occupations represented in the model, apart from those already mentioned, comprise asco42, automotive tradespersons; asco43, electrical and electronic tradespersons; asco44, construction tradespersons; and asco49, other tradespersons and related workers.
The characteristics of the employer are also recorded on the training contract. For example, the person can be employed directly (emprivate), employed through a GTO (empgto) or employed by a state, local or commonwealth government organisation (empublic). Like the occupation category variables, these variables are recorded as 0, 1 dummy variables, taking the value of 1 if the person is employed by a particular type of employer and 0 otherwise. The choice of training provider is also recorded and included in our model. For example, persons can undertake formal studies at TAFE (TAFE), a private training organisation (trainprivate), a private RTO that closed prior to the training contract being completed (trainclosed) or a non-TAFE public sector organisation (trainpublic). In estimation, it is also necessary to exclude one of these variables for the same reason as for the omission of one of the occupational dummy variables. For the variables capturing the characteristics of the employer, the variable emprivate has been omitted in the formal modelling. This means that the estimated coefficients of the remaining variables capturing the characteristics of the employer measure the risk of cancellation relative to the risk of those employed directly by their Education Economics 385 employer. Similarly, the trainer type TAFE is omitted in estimation so that the estimated coefficients of the other trainer types provide an estimate of the impact of these trainer types on the risk of cancellation relative to the risk faced by those attending TAFE institutes. The DELTA database records the postcode of employers and there may be a systematic variation in the location of employment for indigenous and nonindigenous persons. Finally, the income associated with a particular occupation is likely to influence the probability of a successful training contract completion. Cancellation from a training contract in occupations with higher income implies a greater forgone benefit. Thus, we would expect that, all else being equal, higher incomes are associated with lower rates of cancellation. In this study, the log of income has been used (lincome). Income has been derived using the data from the 2001 Census of Population and Housing for each trade occupation appearing in the DELTA database.
Empirical estimates
In order to undertake the analysis, a CPH model was formulated and estimated. Gregoriou (2002) and Box-Steffensmeier and Zorn (2001) note that the CPH model has become a popular tool in the analysis of survival data in social sciences. The CPH model evaluates the effect of covariates to determine the magnitude and significance of these effects on the risk of cancellation from the apprenticeship training contract. Unlike the univariate K-M estimator, the CPH model can be used in a multivariate setting to test the hypothesis that survival does not depend on the level of a covariate, while adjusting for the other covariates in the model.
Unlike parametric methods of duration analysis, which compare regression coefficients under the constraints of a given mathematical model for the underlying survival times, the CPH model does not require that the precise nature of the survival function be known, nor that it be constrained by the assumption of a particular mathematical form. A limitation of the model, however, is that it assumes that the hazard functions for the levels of a given factor or treatment are proportional. Fortunately, this assumption can be examined graphically or by the implementation of various statistical tests, and in this study, residual-based tests have been used.
The CPH model is semi-parametric because all training contracts have a common, arbitrary baseline hazard function. The most frequently used CPH model specifies a hazard function for the ith training contract as:
where z i denotes a vector of covariates of dimension k for the ith training contract, λ 0 (t) is the baseline hazard (the hazard in the absence of covariates, corresponding to z = 0) and β is a vector of regression parameters. In the CPH model, the ratio of the hazard functions of the ith and the jth training contract, denoted by λ i (t) and λ j (t), is called the hazard ratio and is given by λ i (t)/λ j (t) = exp[(z i -z j )′β]. It should be noted that the hazard ratio does not depend on t and is therefore constant over time. The CPH model provides an estimate of the vector β, the components of which are the hazard ratios corresponding to each covariate. When all but the rth covariate are equal, the right-hand side of λ i (t)/λ j (t) becomes exp[(z i -z j )′β r ] so that β r corresponds to the hazard ratio for the rth covariate. Table 5 provides the results from the empirical implementation of this modelling technique. In this case, the dependent variable is dichotomous, taking the value 0 for a completion or active training contract and 1 for a cancellation. Variables that have coefficients with an estimated positive (+ve) sign are found to increase the risk of cancellation, whereas those with a negative (−ve) sign are associated with a decrease in the risk of cancellation.
These coefficients are difficult to interpret on there own and so the exponentials of the coefficients are presented in the second column. These exponentials are interpreted as the multiplicative effects on the hazard of cancellation. Thus, for example, holding all else constant in our model, an additional year of age decreases the hazard of cancellation from 49.5% to 49.1%, i.e. (0.992 × 49.5 = 49.1). In contrast, changing the status from female to male is associated with a decrease in the risk of cancellation, with the risk of cancellation faced by males estimated at 0.913 of the risk faced by females.
The remaining columns of the table present the standard errors, z scores and probability levels, allowing testing of the hypothesis concerning the significance of individual variables. Here, we can see that all variables are significant at normal statistical levels in determining the risk of cancellation of the apprenticeship training contract with the exception of gender, suggesting males and females face the same risk of dropout; disability, indicating no significant additional risks of dropout for the disabled; language, implying no difference in the risk of cancellation between English and non-English speaking persons; asco43, suggesting insignificant difference in the risk of cancellation between asco43 and asco45; and empgto, suggesting no statistically significant difference in the risk of cancellation between people employed directly and people employed by a GTO.
The final three columns of this table provide the Grambsch and Therneau nonproportionality test.
5 These tests indicate a particular problem with the variable empgto, however, because of the insignificance of this variable, no action has been taken to deal with this potential problem. The bottom panel of the model provides the model diagnostics. These diagnostics allow more general tests, e.g., whether the model explains any of the variations in attrition observed in the data. The results presented in this panel indicate that the model explains a significant amount of variation in the risk of cancellation. For example, we see that the likelihood ratio test, Wald test and score test are all significant, indicated by the low p values.
The effect of education, in this model, is captured by three dummy variables, the first being Yr10, a 0, 1 dummy variable taking the value of 1 when the individual has a Year 10 level of education and 0 otherwise. The next variable is Yr11, a 0, 1 dummy variable taking the value of 1 when the individual has a Year 11 level of education and 0 otherwise. The last variable is Yr12, a 0, 1 dummy variable taking the value of 1 when the individual has a Year 12 level of education and 0 otherwise. The dummy variable for Years 8 and 9 is omitted to avoid the problem of perfect multicolliniarity and thus the results measure the effect of the level of education relative to the completion of Year 8 or 9. For the dummy variables capturing the effect of the different levels of education, the results indicate that those entering apprenticeship with their highest level of schooling at Year 10 face a lower risk of dropout than those with less than this level of schooling (i.e. only 86.0% of the risk of dropout). One additional year of schooling, i.e., moving from Year 10 to Year 11, sees the risk of dropout declining to 81.1% of the risk faced by those who did not attain a Year 10 level of schooling, whereas completion of Year 12 sees the risk of cancellation falling to 64.6% of the risk faced by those who did not complete Year 10. Table 5 . CPH model of the probability of training contract completion. Importantly for the current analysis, the variable atsi, indicating indigenous status, is found to be significant. The exponential of the coefficient (1.309) indicates that, holding all else constant in our model, the risk of cancellation increases with a change in the status from non-indigenous to indigenous. In terms of magnitude, indigenous persons are estimated to have a 25.8% higher risk of cancellation than the nonindigenous persons.
CPH model results

Grambsch
Although the baseline hazard is left unspecified in the CPH model, Fox (2002) notes that having estimated the model, it is possible to extract an estimator of the baseline hazard. It is also possible to display the impact of changing the value of one of the variables, with all others held at their average values, on the risk of survival and this is what is provided in Figure 2 . This figure shows the estimated baseline hazard for two groups, indigenous and non-indigenous persons. This is provided with the point-wise 95% confidence envelope around the survival function. In this figure, we can see that the risk of cancellation is clearly different for the two cohorts, reinforcing the results derived earlier. What is shown clearly in this figure is that, holding all else at its average value, the probability of a successful completion of the apprenticeship training contract is higher for those from a non-indigenous background than it is for indigenous persons undertaking a formal training contract. This difference is highlighted by the fact that the 95% confidence intervals of the estimated hazard functions for both cohorts hardly overlap beyond the first quarters. This in itself is indicative of a statistically significant difference in the risk of cancellation for the two groups.
A factor that further complicates the analysis presented in Table 5 is the potential that there is some variation across the population that is not observed. Unobserved heterogeneity is recognised as one of the most important sources of variation in economic and social behaviour (in this case, the risk of dropout). In many implementations, including the model presented in Table 5 , this issue is ignored. However, if this unobserved variation is present, it may bias the coefficient estimates in a regression model. A more robust way of dealing with the problem, when conducting survival analysis, is to estimate survival models that attempt to account for the effect of this unobserved heterogeneity. One of the most frequently adopted measures to deal with this problem is to introduce a positive-valued random variable, ν, into the hazard specification. In the context of the proportional hazard approach, the augmented hazard function, which incorporates a multiplicative mixture term, is given by:
where u i = log(ν). As Pozzoli (2009) notes, it is not possible to estimate the values of (ν) themselves, as by construction, they are unobserved. However, if we suppose that the distribution of ν has a shape whose functional form is summarised in terms of only a few key parameters, then it is possible to estimate those parameters with the available data. So after having specified a distribution for the random variable ν, we derive the 'frailty' survivor corresponding to this mixture distribution and write the log likelihood function so that it refers to the original parameters and the mixing distribution parameters rather than to the random variable ν. The unobserved heterogeneity term is assumed to be independent of the observed covariate x i and the duration variable T.
Following Lancaster (1990) and Arranz and Muro (2004) , we make assumptions about the distribution of the unobserved heterogeneity. In this study, we use the gamma distribution, which is frequently used in these types of studies. Like Arranz and Muro (2004) , the choice of gamma distribution is based on a recent work that indicates that this option may be correct because a wide set of distributions used for the control of the unobserved heterogeneity converge to the gamma distribution. Table 6 presents a proportional hazard model in which we attempt to account for the unobserved heterogeneity by including a frailty term. The simplest way to deal with the problem of unobserved heterogeneity is to assume that all persons in a category have a shared risk (frailty). In the example here, with candidates for apprenticeship clustered in regions, it is assumed that all persons within a postcode have a shared frailty. Individual frailty was not incorporated in this model because the hypothesis of normal unobserved heterogeneity between graduates was not supported by the data.
The results indicate that the variance of the random frailty effect is greater than zero and significant (as shown by the variance (0.058) and the I-likelihood value). The results for the model incorporating the shared frailty are similar to the stratified proportional hazard model, though there are a few differences. The variable atsi remains significant in both models, with the risk of an indigenous person dropping out being 26.2% higher than that of a non-indigenous person in the stratified CPH model and 24.9% higher in the model of shared frailty to account for the unobserved heterogeneity.
Other notable differences come about via the effect of education. The impact of education is slightly less pronounced in the model shown in Table 6 than in the model shown in Figure 2 leads to the consideration of the possibility that for every variable in the model, the coefficients are different for the indigenous and the non-indigenous persons. Borooah (2001) notes that there are two ways of formally checking this in a modelling exercise like the one undertaken in this study. The first is to estimate a single equation, while allowing for each coefficient to be different for each group. The second is to estimate two separate equations for indigenous and non-indigenous persons. The former approach is adopted in this exercise, with the results presented in Table 5 . The advantage of this strategy is that it allows easy testing of the hypothesis of whether the same variable had the same or different impacts over the two population groups. To implement this methodology, interaction terms are included for all variables. The resulting coefficient, if significant, shows the additional impact of these variables for persons of an indigenous origin.
The results presented in Table 7 indicate that there are four interaction terms that are statistically significant, being for age, language and the industry dummy variables of asco41 and asco43. The estimated interaction term for age indicates that, unlike the situation for the general population, an increase in age for indigenous persons in formal training contracts is associated with an increased risk of cancellation. The variable language was insignificant in the model for the entire sample, presented in Table 4 (p-value = 0.41), and remains so for the non-indigenous population (p-value = 0.81 in Table 5 ). However, for indigenous people, language is significant, with nonEnglish speaking indigenous persons facing over twice the risk of cancellation for the general population. 6 Similarly, for the industries asco41 (mechanical and fabrication engineering tradespersons), asco43 (electrical and electronic tradespersons) and asco44 (construction tradepersons), we see that indigenous persons in these occupations face a much greater risk of dropout than the non-indigenous persons. Once again, this model is estimated with a shared frailty term (postcode) in an attempt to deal with the issue of unobserved heterogeneity.
Summary and conclusions
The paper asked two questions: Are cancellation rates for indigenous students in the VET above those for non-indigenous students in a statistically significant manner, and, if so, what factors account for this? The data from the DELTA database indicate that the cancellation rates for indigenous persons, at 56.3%, are 7.1% points above the rates recorded for non-indigenous persons (49.2%). The log-rank tests on the respective survival curves confirm that the rate of cancellation for the indigenous persons is significantly different from that for non-indigenous persons.
To cast further light on the nature of this difference, a multivariate CPH model of cancellation was estimated in which indigenous status was included as one of the explanatory variables. The impact of indigenous status on completion was estimated to be much higher than what is observed in the raw data, with a 30.9% increase in the risk of cancellation when all other variables in the database are held constant at their average values. Furthermore, this penalty associated with indigenous status was found to be statistically significant, with the t value of the estimated coefficient indicating significance below the 1% level.
An additional analysis was undertaken to see whether the variables incorporated in our model impacted on indigenous persons in a different way compared with nonindigenous persons. The results presented in Table 7 indicate that there are four interaction terms that indicate significant difference: age, language and the industry dummy variables of asco41 and asco43.
The estimated interaction term for age indicates that for indigenous persons, an increase in age is associated with an increased risk of cancellation. This is opposite to the impact of age on non-indigenous persons. Furthermore, the variable language was insignificant in the model estimated over the complete sample, presented in Table 4 (p-value = 0.41), and remains so for the non-indigenous population (p-value = 0.81 in Table 3 ). However, for indigenous people, language is significant, with non-English speaking indigenous persons facing over twice the risk of cancellation for the general population. This may indicate language difficulties being confronted by indigenous populations but may also act as a proxy for other variables, such as the cultural background of the students. This finding seems to warrant further analysis, which is, however, outside the scope of the current study and beyond the capability of the DELTA database used here. Finally, for some of the industries, i.e., asco41 (mechanical and fabrication engineering tradespersons) and asco43 (electrical and electronic tradespersons), we see that indigenous persons face higher risks of cancellation than non-indigenous persons.
The observed higher risk of cancellation for indigenous students and the factors (other than being indigenous) suggest that the current environment in Australia has 
